Abstract. Projections from coarse-grid global circulation models are not suitable for regional estimates of water balance or trends of extreme precipitation and temperature, especially not in complex terrain. Thus, downscaling of global to regionally resolved projections is necessary to provide input to integrated water resources management approaches for river basins like the Upper Danube River Basin (UDRB) and the Upper Brahmaputra River Basin (UBRB).
Introduction and objectives
The Danube and the Brahmaputra River have their headwaters in mountainous regions where massive glacier retreat and permafrost thaw have been observed in recent times. Thus, further climate warming is likely to impact water availability and hydrological dynamics in both river-basins. In this regard climate model projections can be used to gain some estimate of possible future impacts.
To estimate the impact of future climate change on the hydrology at the basin scale, climate projections with a suitable temporal and spatial resolution are essential input to hydrological models. However, projections from current global circulation models (GCMs) have a grid resolution of about Correspondence to: A. Dobler (dobler@iau.uni-frankfurt.de) 200 km or more. Further, these projections mostly agree on the global and continental scale of precipitation and temperature change in the 21st century, but the projections for precipitation changes diverge with decreasing spatial scales (Bates et al., 2008) .
Thus, GCM projections are inappropriate to assess the impact of climate change on a regional scale related to integrated water resources management (IWRM) in the UDRB and the UBRB. A downscaling of the large-scale simulations to a resolution of 50 km or less is necessary (Ahrens, 2003; Beck et al., 2004; Frei et al., 2003; Salathé, 2003) . To this end, it is essential to find a well suited GCM and to apply an appropriate downscaling method to the GCM projections.
In this paper we discuss the comparison and enhancement of existing downscaling methods, their validation by means of observational data sets and the application to different GCM scenarios in the UDRB and UBRB. 
Role within the integrated project
As glacier and permafrost melting are natural system processes with long response times, the respective impact models should be driven by transient regional climate projections. However, due to limited available computational power, there has been a lack of transient projections, especially in South-Asia where earlier studies (e.g., Kumar et al., 2006) mostly were based on time slice experiments.
Within the BRAHMATWINN project (http: //www.brahmatwinn.uni-jena.de) downscaled GCM projections were used as input to the hydrological model DANUBIA to simulate historical and future water balances of the UDRB and the UBRB (Prasch et al., 2011) . Furthermore the data were used in snow glacier and permafrost modelling (Lang et al., 2011) and, to assess the question of a changing climate directly, in the calculation of climate change indicators (Giannini et al., 2011a, b) .
To cope with these necessities, we provided transient climate projections for the UDRB and the UBRB covering the years 1960-2100. The scenarios A1B, B1, A2, and the commitment scenario, as given in the IPCC Special Report on Emissions Scenarios (SRES, Nakicenovic and Swart, 2000) , were used to generate a small ensemble of possible future developments.
Scientific methods applied
The testing and further development of existing downscaling techniques is an important first step in the generation of regional climate projections with a high temporal and spatial resolution. The latter is a prerequisite to evaluate the use of these data for the estimation of the regional impact of future climate change.
Generally, two different classes of downscaling methods may be applied (Murphy, 1999; Xu, 1999) : (a) dynamical downscaling methods based on simulations of physical processes at a fine scale, typically using a regional climate model (RCM) and (b) statistical downscaling methods that employ observed statistical relationships between the coarse and the fine scale. Dobler and Ahrens (2008) tested different statistical, dynamical and combined downscaling methods on global ERA-40 re-analysis data (Uppala et al., 2005) in Europe and South Asia with respect to rain day frequency and intensity. For this study, one of the proposed combined downscaling methods was further developed and implemented for application on GCM data at different highperformance computing sites.
As the dynamical downscaling method we applied the RCM COSMO-CLM (http://www.clm-community.eu) in a European and a South Asian region (Fig. 1) . The COSMO-CLM is based on the COSMO (COnsortium for Small scale MOdeling) model originally called Lokal Modell (LM) which was developed by the German meteorological service (DWD) in 1999 (Steppeler et al., 2003) . A detailed documentation of the LM (Doms and Schättler, 1999 ) is available at http://www.cosmo-model.org. More information on the model setup and results of regional climate simulations over Europe and South Asia are given in Dobler and Ahrens (2008, 2010) and Kothe et al. (2010) .
Observational data was needed for the two basins for evaluation and for statistical downscaling methods. As in-situ measurements are sparse in the UBRB, they were replaced with the following gridded, observational data sets, which in most cases are globally available.
-CRU TS 2.1 (Mitchell and Jones, 2005) : monthly temperature and precipitation data on a global 0.5
• grid for the years 1901-2002 -UDEL version 1.02 (Legates and Willmott, 1990) : monthly temperature and precipitation data on a global 0.5
• grid for the years 1950-1999
-GPCC full data product version 4 (Schneider et al., 2008) : monthly precipitation data on a global 0.5
• grid for the years 1901-2007 -F&S version 4.1 (Frei and Schär, 1998) : daily precipitation data on a 1/6
• grid covering the European Alps for the years 1971-1999 -EAD v0804 (Xie et al., 2007) : daily precipitation data on a 0.5
• grid covering South East Asia for the years 1980-2002 -ZGIS: a newly developed daily temperature data set on a 0.5
• grid covering the two basins based on observational data retrieved from NCDC (http://www.ncdc. noaa.gov/cgi-bin/res40.pl?page=gsod.html), controlled and mapped by the Centre for Geoinformatics, Salzburg (Kienberger et al., 2008) .
To quantify the uncertainty of the observational data sets in the basins, a comparison of the climatologic annual cycle in temperature and precipitation was carried out, including ERA-40 re-analysis data.
The downscaling approach developed for and tested on ERA-40 re-analysis data were applied to GCM data. The GCM selection was based on the evaluation of models used in the fourth IPCC assessment report (IPCC, 2007) . van Ulden and van Oldenborgh (2006) have investigated 23 GCMs on the quality of simulated global sea level pressure patterns. Further, Kripalani et al. (2007) have tested 22 GCMs for their performance in the South Asian region. Amongst these 22 models, they found no best model and a multi model ensemble (MME) mean was proposed as benchmark. Unfortunately, a multi driving-model ensemble was not feasible in the time frame of BRAHMATWINN and a single GCM had to be selected.
Projections from the selected GCM were then downscaled to a resolution of about 50 km. The dynamical downscaling of four SRES scenarios was followed by a bias correction of the downscaled precipitation and temperature fields taking into account the limited availability of observational data in the UBRB. For other hydro-meteorological fields no bias correction was applied due to lack of quality proofed observational data sets. Further, the impact models used within the BRAHMATWINN framework are assumed to show the highest sensitivity to precipitation and temperature.
Results achieved and deliverables provided

Observation uncertainties
The investigation of different observation data sets in the two basins shows that for precipitation, the uncertainties in the UDRB are relatively small with less than 20 mm month −1 (Fig. 2) . Contrary, in the UBRB the data sets differ with a maximum range of 70 mm month −1 in the monsoon months June to September. However, only small uncertainties appear in the temperature data sets (Fig. 2) , both in the UDRB (up to 2.2
• C) and the UBRB (up to 1.2 • C). As the CRU data set also includes the information on rain day frequency, it was chosen as the observational reference for temperature and precipitation in both basins.
Downscaling method
To firstly identify an appropriate downscaling method, ERA-40 re-analysis data rather than data from a general GCM simulation have been downscaled from about 1.125
• grid spacing to about 0.5
• . This minimises the influence of large scale circulation uncertainties on the downscaling results. Figure 2 shows the climatologyof ERA-40 re-analysis, COSMO-CLM simulations and different observations for the UDRB and UBRB, respectively. While the European region shows a generally temperate climate, the climate in South Asia is dominated by a monsoon system which supplies the region with up to 80% of the annual rainfall total.
As can be seen, the COSMO-CLM performs clearly better in the UDRB than in the UBRB. However, this has been expected, since the model was developed in Europe and adapted to this region. Nevertheless, considering the big uncertainties in the observations of precipitation, the COSMO-CLM performance in the UBRB is acceptable. Overall, the accuracy of COSMO-CLM precipitation at the 0.5
• scale is comparable with that of the ERA-40 precipitation, and as shown by Dobler and Ahrens (2008) in most places it is also comparable with that of statistically downscaled ERA-40 precipitation. In the UBRB, the COSMO-CLM shows much better results than the ERA-40 precipitation. This has also been expected, since the orography represented by ERA-40 is very coarse and deficiencies in this region are well known .
As the downscaled data was used as input for hydrological modelling (Prasch et al., 2011) , a set of hydro-meteorological data (temperature, precipitation, humidity, surface radiation, wind, etc.) was needed. Generating such data sets with statistical downscaling methods is highly limited by the sparseness of long term observations which focus mainly on precipitation and temperature. Therefore, the dynamical downscaling method is preferable.
Bias correction
An additional post-processing bias correction has been applied to precipitation and temperature. For precipitation this showed to be problematic in the UBRB, where a high seasonality in the COSMO-CLM bias and a large uncertainty in the bias estimation for non-monsoon months have negative impacts on the tested methods (Dobler and Ahrens, 2008) . The uncertainties in the bias estimation were found to result from the few rain days in the dry months. To reach the proposed minimum number of rain days (about 500) a statistical approach based on local rain day intensity scaling (Schmidli et al., 2006) was developed which corrects the frequency of wet days and the mean wet day precipitation to fit the observed values in a specific calibration period. The method uses monthly rainfall amounts and number of rain days, both obtained from the CRU data set. This allows for a longer calibration period (44 yr) than using the EAD data set in the South Asian region. However, to guarantee a robust bias estimation (and thus correction) the calibration period for the method must still include sufficient rain days. Therefore, the method was applied on a monthly basis to the months June to September in the UBRB only. In the UDRB, the method was applied without monthly splitting as there is almost no seasonality in the COSMO-CLM precipitation bias.
For the 2 m temperature a simple Gaussian bias correction was applied at each grid point. To this end, the simulated 2 m temperature time series (3 hourly) T S i were corrected by fitting the monthly annual cycle to observations by Eq. (1).
Through this the mean T S and the variance σ S are linearly corrected to be equal to those of the observation data (T O and σ O , respectively). Here again, we used the CRU temperature data set as reference. Figure 2 shows the positive effects of the applied bias correction methods in both twinning basins.
Downscaling of GCM data
After testing the downscaling approach on ERA-40 forcing data, the method was applied to GCM data from the coupled atmosphere-ocean model ECHAM5/MPIOM (Jungclaus et al., 2006) . The ECHAM5/MPIOM for the following reasons was selected to provide the necessary GCM data:
1. It is among the top models simulating a realistic 20th century South Asian monsoon climate (Kripalani et al., 2007) .
2. The simulated pressure field has a high skill in the mean spatial correlation and in the mean explained spatial variance for Europe as well as globally (van Ulden and van Oldenborgh, 2006).
3. There is broad experience with the model in downscaling applications in Europe (see, e.g., http://ensembles-eu.metoffice.com and http: //prudence.dmi.dk).
4. It is in good agreement with known large-scale features of the Asian summer monsoon including the reestablishing of the westerly jets south of the Himalayas and the decay of the anticyclone on the Tibetan Plateau after the monsoon season (data not shown).
5. The COSMO-CLM is able to provide the information necessary for the assessment of regional climate change impacts when driven by the ECHAM5/MPIOM .
Note that while current GCMs projections mostly agree in positive regional and global temperature trends during the 21st century, there is still much disagreement in the projections of precipitation, especially on the regional scale (IPCC, 2007) . Therefore, the selection of a GCM for dynamical downscaling based on projected precipitation changes on the regional scale is inappropriate. For instance in the UBRB, the HadCM3 (Jones et al., 2004) model shows an increase of annual precipitation of about 14% from 1971-2000 to 2071-2100 while the ECHAM5/MPIOM shows an increase of 3% only during this time period (data not shown). 
Regional climate projections
To assess the issue of changing climate in the two basins, seasonal trends of daily precipitation and temperature indicators (Table 1) were calculated for the simulation period 1960-2100. For the European regions the seasons are spring (SP, March to May), summer (SU, June to August), autumn (AU, September to November) and winter (WI, December to February). As suggested by Basistha et al. (2009) for the South Asian regions they are summer (SU, March to May), monsoon (MO, June to September), post-monsoon (PM, October to November) and winter (WI, December to February). The projections were normalized with respect to the reference period 1971-2000. This is an easy way to remove constant model biases and a comparison to more complex bias correction methods has shown no significant differences in the resulting trends (data not shown). The trends were tested for statistical significance at the 5% level using a linear model.
To give a general summary of the indicator trends is very difficult. The single projections show big regional and seasonal differences. But overall, the commitment scenario shows the smallest trends up to the year 2100, followed by the B1, A1B and finally the A2 scenario. However, up to the year 2080 most A1B trends are higher than those of the A2 scenario (data not shown). This can be explained by the higher emissions of the A1B scenario at the beginning of the 21st century. Thus, the magnitude of the trends is generally in direct relation to the amount of greenhouse gas emissions of the single scenarios.
We will concentrate our evaluations on the results from the scenarios A1B and B1 in the following subsections as they were within the main focus of the BRAHMATWINN project: A1B was considered as the most likely one and B1 as a more optimistic one. However, the projected trends of the A1B and A2 scenario are close to each other. In the commitment scenario, constant greenhouse gas concentrations are assumed after the year 2000. Thus, it may be used as a control experiment to estimate the impacts of anthropogenic forcings on the climates in the two regions. This is however out of the scope of this study. Figure 3 shows the annual temperature trends for the four SRES scenarios in the two basins. For the A1B scenario, the temperature increase until the year 2100 is projected around 4
Temperature changes
• C in the UDRB and 5
• C in the UBRB. For B1 the increase is around 2
• C in the UDRB and 4
• C in the UBRB. For A1B the temperature trends are around +3 till +4
• C in the UDRB and up to more than +6
• C in the UBRB (Fig. 4) . In both basins, the temperature increase in higher elevated areas is larger than in low level areas and the largest trends appear in the region of the Tibetan Plateau. In B1, the trends are about 1
• C smaller than in A1B throughout both basins (data not shown). Figure 5 shows the seasonal temperature trends and the spatial variability of the trends in A1B for the UDRB and the UBRB. Spatially averaged trends that are statistically significant are indicated by a red cross for the A1B scenario and a green cross for the B1 scenario. As can be seen, both scenarios show significant positive trends for all seasons in temperature, as well as daily minimum and maximum temperature in both basins. The increase of the maximum daily temperature is generally highest, followed by the increase of mean temperature and the increase of the daily minimum temperature suggesting an increase in temperature variability. However, there are also exceptions to this, for instance during the post-monsoon season in the UBRB and spring in the UDRB.
Precipitation changes
The projected precipitation trends are less unanimous than the temperature trends. No significant trends were found in the two basins for the annual precipitation amounts (Fig. 6) . This is however a result of trends compensating each other in the different seasons and areas.
Figures 7 and 8 show the trends of precipitation-based indicators in the UDRB and UBRB. In A1B, the summer precipitation amount in the UDRB is decreasing with about 20%/century and the monsoon precipitation amount in the UBRB with about 10%/century (Fig. 7) . Simultaneously, there is a decrease in the number of precipitation days (PFRE), an increase in the rain-day intensity (PINT) as well as an increase in the length of consecutive dry days (PCDD) in both basins (Fig. 8 ).
In the UDRB there is further an increase of PREC (Fig. 7) and of PX5D (Fig. 8 ) in spring. As can be seen, there are less significant precipitation trends in the UBRB than in the UDRB which is due to a larger inter-annual variability (data not shown). In both basins, the PQ90 trends agree to a large extend with the trends in PINT for all seasons.
At sub-basin scales the trends are even more varying. In the monsoon season for instance, there is an increasing trend in the A1B scenario for PX5D of 9% in the Lhasa river basin (Fig. 9) . Simultaneously, PCDD increases by 53% in the Lhasa river basin and by 20% in Assam (Fig. 9) . For B1, these trends are about 50% smaller but the spatial distribution is similar (data not shown). Figure 9 and the high temperature increases shown above indicate that the Tibetan Plateau is a region highly sensitive to future climate changes. For Assam, the positive trend in PCDD implies longer monsoon breaks, which in the current climate show a typical length of 15 days.
Contributions to sustainable IWRM
The presented GCM downscaling approach provided the basis for the integrated water resources management system comprising the DANUBIA hydrological model, the river basin information system (RBIS) and the network analysis and creative modelling decision support system NetSyMoD which is building a sustainable development based on stakeholder negotiations within the framework of the project.
The results shown in this paper provide sound evidence about likely climate change dynamics which will impact the hydrological process dynamics and runoff generation at present active within both twinning basins. They provide a scenario based framework setup within which adaptive management options for sustainable IWRM can be developed and evaluated.
The results discussed focus on the most pronounced trends in the UDRB and the UBRB during the years 1960-2100. A complete set of time series for all scenarios, seasons, areas of interest (see Fig. 4 ) and the indicators PREC, PX5D, PCDD, T2M, T2MIN and T2MAX (Table 1) for the years 1960-2100 are available through the RBIS of the BRAH-MATWINN project.
Conclusions and recommendations
Using regional climate projections from the COSMO-CLM allows analysing the impact of the climate change signal on the regional water balance in the UDRB and the UBRB. To generate several likely scenarios for the time period 1960-2100, the COSMO-CLM was driven by the GCM ECHAM5/MPIOM with four different SRES forcing. The model output was for instance used as input to the hydrological model DANUBIA.
The temperature is projected to increase in both basins in the coming decades with the higher values in the region of the Tibetan Plateau. Thus, parameters directly dependent on temperature, like potential evapotranspiration, are also assumed to show clear trends. This will have a severe impact on the hydrology of the river basins.
Precipitation trends are less clear. Annual precipitation is projected not to change significantly, but seasonal amounts are. Different climate change indicators, like the length of the longest dry periods, indicate more frequent and prolonged droughts. However, there is no simultaneous tendency to less flooding events. The projected increasing amount of (1-day and 5-day) spring precipitation in the UDRB in combination with increased spring snow melt due to higher temperatures in the Alps might even yield more intense and frequent flooding events.
An increase in the number of consecutive dry days and in the maximum 5-day precipitation amount in the region of the Tibetan Plateau for the monsoon season, as well as large temperature trends indicate a highly sensitive region to future climate changes. For Assam, the positive trend in the number of consecutive dry days in the monsoon season indicates longer monsoon breaks.
In this study a specific model combination was used, and applying a different GCM to drive the COSMO-CLM would most likely result in slightly changed regional projections. As discussed above, the HadCM3 projects larger increases of precipitation in the UBRB than the ECHAM5/MPIOM. Thus, the COSMO-CLM may be expected to project slightly larger precipitation trends too, if driven by the HadCM3. This uncertainty clearly has to be considered. Although comparing to the different SRES scenarios the uncertainty is expected to be small, driving the COSMO-CLM with different GCMs would be preferable and reveal more insight on the influence of the driving model to the results. 
